HHEER S KR DOI:10. 7544/issn1000-1239. 2018. 20160723
Journal of Computer Research and Development 55(1): 139-150, 2018

— M OERE TEFERNAIREIERRAE

OB OB AT B X OAEF HIAT
YEBRH O E R R S E MR Kb 410073)

* (b Bk 7 1A BHR B R R o0 GRIUK ) I 430079)
TOBT R BUR LR AR S TR WMAFEERE  2052)
(fangyangl2@nudt. edu. cn)

A Revised Translation-Based Method for Knowledge Graph Representation

Fang Yang', Zhao Xiang''?, Tan Zhen', Yang Shiyu®, and Xiao Weidong'*

"(College of Information System and Management , National University of Defense Technology, Changsha 410073)
?(Collaborative Innovation Center of Geospatial Technology (Wuhan University), Wuhan 430079)

#(School o f Computer Science and Engineering , the University of New South Wales, Sydney, Australia 2052)

Abstract Knowledge graph is of great research value to artificial intelligence, which has been
extensively applied in the fields of semantic search and question answering, etc. Knowledge graph
representation transforms a large-scale knowledge graph comprising entities and relations into a
continuous vector space. To this end, there have been a number of models and methods proposed for
knowledge embedding. Among them, TransE is a classic translation-based method that is of low
model complexity, high computational efficiency, as well as good capability of expressing knowledge.
However, TransE still has two flaws: one is that it utilizes inflexible Euclidean distance as metric,
and treats each feature dimension identically, hence, the model accuracy may be interfered by
irrelevant dimensions; the other is that it has limitations in dealing with complex relations including
reflexive, one-to-many, many-to-one and many-to-many relations. Currently, there has not been a
single method that resolves the flaws simultaneously., and thus, we propose a revised translation-
based method for knowledge graph representation, namely, TransAH. For the first flaw, TransAH
adopts an adaptive metric, replacing Euclidean distance with weighted Euclidean distance by adding a
diagonal weight matrix, which assigns different weights to every feature dimension. As to the second,
inspired by TransH, it introduces the relation-oriented hyperspace model, projecting head and tail
entities to hyperspace of a given relation for distinction. At last, empirical studies on public real
knowledge graph datasets analyze and verify the effectiveness of the proposed method. Comprehensive
comparative experiments using two tasks-link prediction and triplet classification show that, in
contrast to the existing models and methods, TransAH achieves remarkable improvement in various

aspects and demonstrates its superiority.
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FNIEH =TT, [F] 23 BEHLA: O TE 5 =04 5 78
— /LR AU 2505 L B B DL KB ) S 8 s iR AT A
Bl TR

3 = i

AT A 4 Trans AH 1R K IR J7 ¥ 1Y S5 50 56
PE, FELE 2 AN TAE EBRIFFMIEME T TransAH J7
e HERE WA = el 43 2. X 2 A TAE KRR
() AR BE T Al TR B S0 AN TT L = e 2K o B R g
J1 XN TORFER N % 5. e A B Tk 2 T
E (R TF-A9 7HE J0 5 S52 56: 52 B0 174 5L A T 8 L R A o 1) S
WA R ARG AT T TransAH J7 35 9 SE 80 801
HEZLET TransAH JFikfERIERE 22 LR R
AN ZRACR  IF 5 HA AR 3R T v 04T L.

3.1 XWEH

D) fhrE S g, SEAT N ZRAT, 55 A T8 4 =t
A = o, Z Ay ik R 0E o BEALTT AL 2
& = Ind R AR AR = oo 4. Flan, #F TransE
F—1EE =70l h,r, 0 BL— T =J0H
Ch'orot’) JE M NSEAREE E v AL BC— Xt 5244 ('
) AR R T 3 F 2Ok R SRR R AR E
Bl = ST AR I N R R =T B O I MOH
(R LB

TEFTHL— A =JudHnd AR 4 ¢ RS KRN
PRk R SRR T AN R A A 32 L be A3 — X — .
ZX—FI 2R 255, — i n] T 45 — X 2 R b
T A M AR Sk SR FE 2 0 — AR A
FACRE SR, X Ry i, 7 AR R B = o 2 A
RRRFEMT .

HARH, —AKHR r A =Jcd b, 55 mT
PRAFVLT 2 LB - 1D B — A~ S ST 17 0 8 55 A
B 2 8 &, i & tph (4 tail entities per head
entity) ; 2) B — 4~ & SR R 9 Sk SE AR 7 B
e H hpt ( # head entities per tail entity). 2K J5, /]
28

___tph
P tph+hpt

AR 55 R 3 A SR R X T — A KR r S E I E &
SR Ch art ) AEBEATIT AL DI p AURF
Bk SR IR 1 —p OB i R I K.

), T 45 21 DX o3 1 OGRS B 07 ¥ X T 4
— KRR r T A S SRR R SR
g ph, s B — A SR B9 Sk SE AR o 2 B
hpt,. BARM W05 cph,<<1.5 H hpt,<<1.5.3p 4%
Bt — X — s WK tph, =1.5 H hpt, =1, 5.8
LFF r B E LW R hpt, <<1.5 H tph,=>1.5,
MAKFR rft—X Z W R hpe, =1.5 H 1ph, <
LSJBARER r 2R —H.

2) P =Jrd B, P = ond B ATPE
(average triple number per entity) fff && T $ 4 £ £
PEFISE 2R k. ML B 2 ) = oo 4 S 2T M
S R R 4 1) L IR 1 A AL O T R A BN A R
F8y P13 25 4 S AR 14 3 C A 2 SN 2 R AL A A2 24k
P, B A Ul R R R BOR 2B ATPE 13
R RA BB ATPE fRRBEIRE E N
ZREME B IRCRIEE.

3.2 gEET

HE B PO 0 FEEAT S T RR T Sk
PR R SR = J04H (hora ) S 2558 Choy ) BRI ¢, 5%
HEE (ry O T A 33 0N 34T 55546 J T 00 R
T TP B i S A BEAT HE R L TR R B AR A —
A SR

AN T TransE fii Y 2 4> Bods 4
WordNet F1 74 WN18 Fl Freebase 11—~ #H
X B 5 1 7 B FB1SK v iy S K s #8445 75 4k 5t
B CT LB R EAG T E R Ik 1
B

Table 1 Statistics of Datasets
1 HEESHITER

Statistics WNI18 FB15K WNI11 FB13
# Rel 18 1345 11 13
# Ent 40943 14951 38696 75043

# Train 141442 483142 112581 316232
# Valid 5000 50000 2609 5908
# Test 5000 59071 10544 23733

ATPE 3.70 39.61 3.25 4.61

D PPN O 7 B Af 5 TransE %5 1R 3%
TN AT T . R B AN TransE AH [\] 69 2F # #E W),
X FE— MR =0 hara ) KRB SER ¢ 8 —
AL ) SR e R AR A B A5 4 eR 2
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S Chye) TPREBIIRH) =J0H Chyrye) I A N 15 55,
FHTE XX 2 3 50HE )y 45 2 1 IE 8 = o 4 i HE P
1355, FE A REAF BT ALk S84k b 19 =54l (s
O HEF 1557

WA il = H #7555/ 2 DM E R
Ny O 4 = ol ¥ HEF 158 45, 188 MeanRank;;
Q4 =L AT A KT 10 B i8S Hits@10.
AR R — AR A = o 4 7E F IR R A A
BPiZ = o2l 52 bR b2 TE 6 0 I8 408 & HEAE R 4h =
JCH Z HT LR A Y. O T I BRI A R S, S
B e AR B0 A — AN IR = 04 A9 HE A 154 Z 0T R
AR AR TR B IR = on AL A YN 2R 4E L 56 UE 4 A
DA A 25 BRI DR AIE TR =t AN 8 T
A8 4. X AN B AR O “Filt” i &L iR & Lk
fb T S Ky 15 R ¢ Raw” B 8. 7E3X 2 F S 56 1%
B, —AHEALW MeanRank FIHE E ) Hits @10 &
MR T S IR AICR

2) LIS %k TransAH W, 7EFEALES BT
B3 v Al FH A 24 2] R o= {0. 002, 0. 005, 0.01},
2 y=1{0.25,0.5,1,2}, F/RYEF k= (50,75,
100} , AL H »=1{0.05,0. 0625,0.25,1. 0} , Yl Zr it &
B K/N B=1{20,75,200,1,200, 4,800}. fx it &%
9 IR P . H “unif. " RO A% 48 10 45 288 0k
SR R SR T i bern. 7R R i A %%

It R SR 1) v s BT AS ) A 48 25 i) R A Sk
SRR SR

TESFRE R AL b, Il 25 TransAH 5k 19 2 5k
BCE WS 7 WNIS Bdli 4 b ,a=0.01,k=50,y=
1.0,7=0.25,B=75; ff FBI5K $t#sE .o =
0.005,&k=50,y=0.5,7=0. 05, B=1200. 7E{f1 %3 FI
e R I 2k TransAH e 00 2 800 & a0 F 78
WNI18 ¥4 4 . a=0.01, k=50, y=1.0,9=
0.25.B=1200;7¢ FBI5K #¥E % I .a=0.005,k=
100,y=0. 25, p=1. 0, B=4800. X} F 4 — 4 ¥ 4%
£ ARSI A Ik = oo T 500 K.

3) LIREEIR. LI L IRAER 2~4 thyl i, B
SIS B A AE HEAT TR LA ZE R

WM3E 2 78 7 WN18 1, TransE il TransAH
GO BRI AR I 0 OC R AT B R ERAE
TransE J5 ik . ff MeanRank X 4> & & I, # b HAlh
Ty kB X A AR P O WNLS Hf OC 2 i Ui T3
> BT LA 22006 B AS [R) 2 R0 A 06 AR B A Y. HL
FBISK ', TransAH J5 % L it 45 H Ath 77 15 2 B0 4R
L. FBISK J&2 — P2 M 4 10 SR O R &
() ATPE {5 b /23X S0 5 4 48 b fe i 1. 76 X148
Pk, TransAH ) 52 % 58 M2 & 4F 19, Ui 9
TransAH J5 L 1E 2 FE & 2% 1 21K ¢ R 3R R J7 1
B

Table 2 The Average Results of Link Predicton
F2 SERTMHMEHTMER

WNI18 FB15K

Method MeanRank Hits@10 MeanRank Hits@10
Raw Filt Raw Filt Raw Filt Raw Filt
Unstructured '’ 315 304 35.3 38.2 1074 979 4.5 6.3
RESCALLI 1180 1163 37.2 52.8 828 683 28.4 44.1
SEL10] 1011 985 68.5 80.5 273 162 28.8 39.8
SME (Linear)'#) 545 533 65.1 74.1 274 154 30. 7 40. 8
SME (Bilinear) 2] 526 509 54.7 61.3 284 158 31.3 41.3
LEML15] 469 456 71. 4 81.6 283 164 26.0 33.1
TransED! 263 251 75.4 89. 2 243 125 34.9 47.1
TransHL® 401 388 73.0 82.3 212 87 45.7 64. 4
TransA?! 405 392 82.3 94.3 155 74 56. 1 80. 4
TransRL" 238 225 79.8 92.0 198 77 48.2 68. 7
TransAH (unif. ) 181 170 71.5 81.7 150 68 55. 2 81.2
TransAH (bern. ) 182 171 72.8 82.9 141 65 58.1 82.4
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Table 3 Hits@10 of Each Type of Relations in FB15K
®3 XTFFBISKZEXEHW Hits@10 &
Predicting Left (Hits@10) Predicting Right (Hizs@10)

Method
1-1 1-n n—1 n-n 1-1 1-n n-1 n—n
Unstructured 3’ 34.5 2.5 6.1 6.6 34.3 4.2 1.9 6.6
SEL0] 35.6 62.6 17.2 37.5 34.9 14. 6 68.3 41.3
SME2] (bilinear) 30.9 69. 6 19.9 38.6 28.2 13.1 76.0 41. 8
TransED! 43.7 65.7 18.2 47.2 43.7 19.7 66. 7 50. 0
TransH® 66.8 87.6 28.7 64.5 65.5 39.8 83.3 67.2
TransR7 78.8 89. 2 34.1 69. 2 79.2 37.4 90. 4 72.1
TransAH (unif.) 82.9 94.0 36.1 72.5 82.5 44.1 93.9 75.5
TransAH (bern. ) 82.7 94.0 36. 4 72.2 82.5 44.2 93.8 75.3

Table 4 Hits@10 of Several Relations in TransE and
TransAH
& 4 TransE 1 TransAH £ F & F X ZH Hits@10 &

Hits@10 (TransE/TransAH)

Relation
Head Tail
football_position/players 100/100 16.7/66.7
production_company/films 65.6/95.7 9.3/41.7
director/film 75.8/93. 4 50. 5/90. 6
disease/treatments 33.3/66. 6 100/100
person/place_of_birth 30.0/54.5 72.1/90.3
film/production_companies 11.3/38.1 77.6/96. 1
field_of_study/students_majoring 24.5/67.9 28.3/71.7
award_winner/awards_won 40. 2/95. 4 42.8/94.1
sports_position/players 28.6/100 64.3/91. 4
person/sibling_s 21.1/68. 4 21.1/73.7
person/spouse_s 18.5/57. 4 18.5/55.6

5 TransE #HL, TransAH #F WN18 Fek kT
31.2% . Tii7E FBISK L3k T 36. 2%. XA e
—#B/RT TransAH M H TransE #E R KXZHE
K F WA N AR HE. FE, 5
TransA L, TransAH [R R T — 5 I HE 0. X
Sk ik F B T TransAH R T AR T4 57
T2 S0 R B B R bR IR T P AR A L PR
RENS AP b3R8 A . — X 2 2 X — M Z X 2455
A F o T TTT ST 07 1l S A o A 1 2L

J TR S X — WA TR AR T TR
[F] 5C Z8 AN [] Bl S 26 780 1 4 I 235 51 . BB (B 3k 3
4 TR, AE 1345 DRRP 24N MR RZE—
X0 230 KRR X2, 2900 KRR IR 2 A
— 1. 24K R R L. £ 3, “Predicting
Left”#1“Predicting Right” /3 5| /= H ¢ & Fl )8 52
AT Sk SR LA R v OG 28 Sk S A T R AR, AH

T TransE ¥k, TransAH fF—% £ . 2% —. £
XF 2 R FR KRB LA W s, U T AR R R,
E—Xf —K &R P, Trans AH Rl FEA B RRY 2528 (G
it 80%6). X I BEAZ 25 T AL IR 1% A B 1) 2 2L KR
B SEAR 5 0C RRAHIR & B — 30 40 s 19 BT 4y fifi 45 %
REE LA BN Rk, £ 4 h L, B LR BR T HE—
X2 ZXf— X 2 A R ILA AR R R T
W Hits@10 {f. 5 TransE J7EHM L, TransAH £
IX 265G ZR 1 0 [ A A R AT R G H 2 A person/
sibling_s #ll person/spouse_s % %& [, TransAH 7&
Hits@10 L7t 56. 4%,

3.3 ZdANE

SICHS KR E NG =l (hara )
IR H 3 AT 55 R X — A = el #E AT IE R 7 AN
CEERRTI —on 3.

g, e T WordNet () F 4 WNI1
Ml Fresbase o1 i) 4 FB13; i1 T WN11 fil FB13 44
FWXRRBI D EFAME THREEZXLRDN
FBISK #4E. & T S i il L i I AR g i H 15 2.
T 1.

D PP I A S8 B AE T NTN AR i >R
FHBVPAS AE . 2647 3 280, 55 224 A A A 2 L
R B A = oe AT AL B 1 = o0, B Dy k1A
FERT 2 B3 1 A il R SR

O3B TR E R S, X T — A =orH (b))
WERHAG R DK TR r WHEHE o,
I IR 2 T30 Sy TE A B 22 SR A R R E O &R Y I M
o, H1 56 IE G A5 2] e R 73 N JBE I i) 1) i DR 7

W Ah S T UE S AE X A AT AR B D, L fdE
— MACH R W, LR TS ACR Oy TR 4R T R L
WEE W, B %kbric B TransAH-W, — Jf
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PEAT T 256 DL LGB S 6 B3 47 I [0) R 52 36 45 2R

2) SLE L. TransAH BE 1% 2 B o =
{0.001,0.005,0.01,0. 1}, y={1.0,2.0},%
ARHERE k= {20.50.100} . Yl Zrdtb i (9 K/ B= {30,
120,480,1920}.

Trans AH ZEAA S5 FIHFE 19 5258, S i i) 240
Bl e K7 WNILL H,¢=0.01,k=20,y=2.0,B=
120;7E FB13 H1,¢=0.001,£=100,y=2.0,B=30;
FB15K #1,¢=0. 005, 2 =100, y=2. 0, B=480.
Trans AH 7E 55 A FlFE 19 52 50 v SR A8 1 2 B0
A :WNILL H,¢=0.01,£=100,y=2. 0,9=0.25,
B=4800;FBI13 H1,a=0.001,k=100,y=0. 25.9=
0.0625,B=4800;FBI5K #1,¢=0.01,k=100,y=
0. 25,5=0. 0625, B=1800. {if ¥ X FFR il £ 500 K.

3) SLERAER. KA R INK S R, TR
WNI11 1 FB13 #, TransAH Fe HAb 5 2 H 5 1
£ FB13 i, NTN A58 2 3 [A) 4 (o, (H 2 7E 3K
%P £ FBI5K 1, TransE 1 TransAH N & b
NTN H A, 53 U B 5L T B A 455 AL X B8 38 ] T R
PR 1 0 1 P . T E B FBISK ¢ & i $ i
(1345)3EHL K T FB13 w56 & MY 8k (13D, 1 5 1
M A o #2305 Ui B FBL3 2 — > %5 FE AR K 11
B C/TE T NI ey i S (B e g i € 1T S
P NTTIN i i 5 R 2 P e 46 D7 3 o ) 52 2% | R
AT EAAT —E . HIE 7 FBISK 33X A Hi i
{145 T35 v, >R SR TG 2 ek vk AR R - T A
Sy LT NTN A9 A . A, % & iz
Frif i, NTN f 9 #& i ] B TransE A TransAH
. AN AEPTAT 3 A KO 4R b 4 AR 55 M
A — 2 PR .

Table 5 Accuracy and Running Time of Triplet

Classification of Different Models

x5 AERBYH=THHSEBERIETHE

Method WNI11 FB13 FBI5K
Distantt10] 53.0 75.2
Hadamard!!" 70.0 63.7
SLM[ 2] 69.9 85.3
SME!M2] (bilinear) 73.8 84.3
NTNCH 70. 4 87.1 66.5 (40 h)
TransEP! 75. 87 81.5 79.7
TransHL 78. 80 83.3 87.7
TransAH (unif.) 85.68 85.51 91.9 (30 min)
TransAH (bern.) 85.2 88.1 92.0 (30 min)
TransAH-W (bern.) 83.8 84.5 89.2 (10h)

5 FIE 6 FE 7R 1A ) 288 8 OC 2 1 T 00 B
TEAS 5] B B8 46 v AN (8] 5 A AS [ 1 T RS 32, 3%
ATTJ0H G T K o 2 AR i G &L 7E WINIL B4 46
similar_to JE R4 KGR EE AN 75%. H e ki,
similar_to FJ LA A AF B rf 4 5 10 ok s SR, 3 4
similar_to A F& 09 SEARXT HA 1672 A4, H i 7 F
AR 1500 1 WO X AN 6 R B SR A
T 25 B ROkt 000 At R AIG 1 E EER RRAE BAS
F5.43. 1F FB13 1, cause_of death I gender iX 2 4~
IR FR R B 3 B L A OC 2RI, 35X 32 202 PR O AR
A B B E AT JEH 2 cause_of _death. 3¢
% gender ] G A—> A 19 244 v 4T (B2 Fe AT
2SR B2 T ] g TR O 4 5 AL A Y R
i) X A R R AW AL, 28 bk i i
AR R ke 4 S R A — 2 iy R BR M T
AL SCAS T gl BB S B — A ELAN T Rk

has_instance ] O unif.
similar_to bemn.
member_meronym 2
domain_region
subordinate_instance_of
domain_topic
member_holonym
synset_domain_topic
has_part

part_of

type_of

Relations

40 50 60 70 80 90 100
Accuracy/%

Fig. 5 Prediction accuracy of different relations in WN11

KB 5 WNI1 H4% 25 & 1 0 A B

cause_of death
gender
profession
religion
nationality |
institution
ethnicity

o unif.
X bern.

Relations

50 60 70 80 90 100
Accuracy/%

Fig. 6 Prediction accuracy of different relations in FB13

6 FBL3 H 442856 A 1 TR

L% TransAH Fl TransAH-W B 32 46 i [8] A1
SEIG A A, W] W, TransAH A9 AR 8 I 25 i) ] AH 88
TransAH-W K K45 %5 (M 10h 4545 2] 3 30 min) , {H
TRUIDAS B A 52w AR A R O 89. 22082531 92. 000).
X ZH S AR G 3G BH 1 SR R A AN A R ) A R
R 2

T TR R R AR AE AR AR S 1 SE R ROR L 5T A
AU 22 S RO RSl T O R AR S )N T RE
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FEAE BRI TE T E 3 B0+ TR ik R T v 07 B0k AU
X BN, TR AEZE TN

MaximalWeight— MedianWeight
MedianWeight ’

g 7 fE 8 fFron . £ WN11 F1 FB13 iX 2 4>
Bt A A BRI OG0 TINS5 A 22 R
ARG IHFEA R B Hoh o iP5 TR A
B2 y MR TR E (0O f y MR AE
25 S8 . B 25 50K U B ARR AR 4T P AN R ) 3R A R
AR AT LUE B A 22 508 56 RO R 25 A DK
Bl s Lk nge FB13 |-, prik 2 3¢ R AL 25 55 24K
KRBT 6 LLE ABWA A R MAE 22 R 7E 3~4
ZIa]. I3 A s AL 22 S 1 ORI, TN Rg 2 AL A X
R 3 Uk B AR AR A AR 9 R i S G 2RO B Y
PEFHE B AL HEVE T T AR UE WY T O R AR ZE T
DEN DA R IR E e

96
92

88
84

== Accuracy/%
— Weight Difference

Accuracy/%
Weight Difference

80

S = N W s o

76

Relations

Fig. 7 Accuracy and weight difference of different
relations in WN11
Bl 7 WNIT &4 56 R A BE FIAL i 22 5

== Accuracy/% — Weight Difference 3
= 120 8 &
S~
5 80 6 &
3 40 =
(51 2 "El)
< K

0 o © © 0 §
09& @9& Q‘bé‘ -@Q \°’$§ \9(2\ 0:}* &}é\ o’@&.\&f g',ﬁ&o
F IS T S
F B7.F & L 50 &
y ¥ T F b
&7 &0& ) &.’@/ [ &
é& @0‘& e
&
Relations

Fig. 8 Accuracy and weight difference of different

relations in FB13

8 FBLI3 a5 & KGR 22 5

4 HEigMHE—FHITE

NS EAR T — T i R P 3 A A e

RF R IE TransAH. 28 ML A9 3 F BIR A HHR 2R
J5% TransE £ 76 BE B B B AN 08 06 FJCiE AL B2
H R RAFEIGE S BUMRF R W P e R R 4R . AT X
55 1 ANBREE, TransAH SR T —Fh A 38 N 19 B 5
B AT X A AR 56 B D, K545 43 R B0 JE i
XA G BB 85 4 ke g i ASCIRR TG I 3, O S B T o B — A
FEIEZE R T AN [ A AL BT XF 58 2 AN B . TransAH
D FH YT i) 56 FR A T T AR R 0 AR Sk R S A
e SPF 28 2455 5 O R 18 36 1 THD > I DA DX 43, SRy ek vk
M)A ZLPE . 7E 5 T WordNet 1 Freebase ) K #AR
LSRR AR G B O A = T 2 4y KX 2 TAT 55
HEAT T 25 G PRI, A ) L A S 00 45 SR R W, TransAH
BT 5 Ak i PR AR T AR FH 1) S R I ARE 1 L
T 1) 5 2 R4 2R N H

T2t R T3 TransAH J5 i i 47 #F —
et SR AR AN M RE B T FE R B TransD™ 78
X E AR R AT R R IORFE LT TransH, 7] %
R 5 AR SO VRS G AT BE 2 A AT R 4
P[] Bt 22 25 1 380 1) 25 S 56 1 1 B3 805 I J
UE THT [1) R RRASE S PR 3 0 T 4 e k. o5 A Bk T 4 %
T A = 020 432 WO A RE AR AT 55 L e B T
ZE T P NP R IR T5 VA AE SCA G 2 HH A il L 1
S A gt AT LA B A I 1 S A R 21 A5 T THD AT 55 R
;.
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